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FIG. 3
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FIG. 7
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|

OBTAIN, BASED CON LOCAL MAXIMUM VALUE FOR EACH
QUTPUT CHANNEL OF CURRENT LAYER, LOCAL QUANTIZATION
DATA BY PRIMARILY QUANTIZING GLOBAL RECOVERY DATA

RECOVERED FROM QUTPUT DATA RESULTING FROM 710
OPERATION OF CURRENT LAYER BASED ON GLOBAL

MAXIMUM VALUE CORRESPONDING TO PREVIOUS LAYER
STORE LOCAL QUANTIZATION DATA IN MEMORY TQ 750

PERFORM OPERATION OF NEXT LAYER

OBTAIN, BASED ON GLOBAL MAXIMUM VALUE CORRESPONDING
TO CURRENT LAYER, GLOBAL QUANTIZATION DATA BY
SECONDARILY QUANTIZING LOCAL RECOVERY DATA - 730
RECOVERED FROM LOCAL QUANTIZATION DATA BASED ON
LOCAL MAXIMUM VALUE FOR EACH QUTPUT CHANNEL

|
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FOR OPERATION OF NEXT LAYER

— 740
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FIG. 8
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FIG. 10
/101(}
24134t
Channel_out#1:1 4 1 3 | 6 | == Local Max#1 =6 )
4 12 11
f‘H}?_’.G
418 112

Channelout #2 : | 4 [ 181 15| = Local Max #2 = 18

g9i{118
/1()3@ > Global Max =18
31712
Channelout #3:1 4 1 91 1 | —p Local Max #3 =9
81713
/1940
31216

Channelout#4:1 4 | 119 =D Local Max #4 = 18 )




US 12,106,219 B2

Sheet 11 of 13

Oct. 1, 2024

U.S. Patent

TANE
|
DoLivrl
L wm
441
0 | a0
geligel
i | o
gcl et
|
Giil

¥oil gk
m m
<
A
3 g2l ¥9 L 51
JakeT WaunD@ {821
g2 = Xew [eqopD L g
—
: B 6 | o0
& & OoLivri
gonezvendy 8 1 ¥ IBA0DSH 1 G
pug m i8he] mww
vibt CLEL
11

¢otl
m
%8 | 91
$
GoLi ¥o
= Z# YR [2007 \
= L# XBN [B007] w(./
4 3
&
uoneziuenn! 8 | ¥
184
|
ghit
"OId

e

)

-
—
M

&

1BADOSH
{2qoio)

L Z# IN0TIBUURYD

1BABT SNOINSI4E)
¥8 = XBW [eq0[)

8¢ | oC

gel

g% | o6

gtl

m

FLLL

DL# INoTRUUBYD



U.S. Patent

Oct. 1, 2024 Sheet 12 of 13 US 12,106,219 B2

FIG. 12

Algorithm 1 Pseudo-code for LMQ in the backward phase

1201 e
1202 ~orte
1203 ~tem

1204 ~——w=
1205 ~——w-
1206 ~—e
1207 et

1208 ~—e=

10 Quantization level selection: W, A, G
/1 Exception in the 1st and last layer as usual.
/{ Forward phase has the same LMQ process of backward.

2. weightw < Quantize {(weight, global_max}
3. for | =laver_num to 1 do // Loss back-propagation
{1 channel_in is the output channel since it back—propagates.

4: for Co=1 1o channelin do

5 for G, =1 to channel_out do

6 ioss_gradient < Recover (ioss_gradients, local_maxci,)

7: ioss_gradientq < Quantize {loss_gradient, global_max;)

8: Backward_convolution (loss_gradientq, weightw)

g gnd
10: loss_gradient < Recover (loss_gradients, global_maxc)
11 Backward_batchnorm, Backward_pool, Backward_relu
12: local_maxc.: — Find_max (loss_gradient}
13 loss_gradient < Quantize {loss_gradient, local_maxCon)
14: end

15: global_max. < Find_max {local_maxc,, local_maxcs, ...}
16. end

17: for | =laver_num o 1 do //Weight update

18: Weight_gradient_computaiion{activation,, loss_gradientg)
190 Weighty, w_grady < Recover{weighty), Recover{w_gradasg)
20: Weight update{Weight,, w_grad: )

21 end
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METHOD AND APPARATUS WITH NEURAL
NETWORK DATA QUANTIZING

CROSS-REFERENCE TO RELATED
APPLICATION

This application claims the benefit of Korean Patent
Application No. 10-2019-0126298, filed on Oct. 11,2019, in
the Korean Intellectual Property Office, the disclosure of
which is incorporated by reference herein in its entirety for

all purposes.
BACKGROUND

1. Field

The present disclosure relates to a method of and an
apparatus with neural network data quantizing.

2. Description of Related Art

A neural network may be a computing system based on a
computational architecture. Input data may be analyzed by
using a neural network apparatus in various types of elec-
tronic systems and valid information may be extracted.

A typical neural network apparatus may need to perform
a large amount of computations in order to process compli-
cated input data. Moreover, when the neural network appa-
ratus needs to perform such large amount of computations,
the typical neural network apparatus may not efficiently
process network operations and therefore may not analyze
(or may not efficiently analyze) input data and/or extract (or
efficiently extract) information in real time, e.g., when
embedded or implemented by a low-power and high-per-
formance system such as a smartphone having limited
performance resources.

SUMMARY

This Summary is provided to introduce a selection of
concepts in a simplified form that are further described
below in the Detailed Description. This Summary is not
intended to identify key features or essential features of the
claimed subject matter, nor is it intended to be used as an aid
in determining the scope of the claimed subject matter.

In one general aspect, a neural network data quantizing
method includes: obtaining local quantization data by firstly
quantizing, based on a local maximum value for each output
channel of a current layer of a neural network, global
recovery data obtained by recovering output data of an
operation of the current layer based on a global maximum
value corresponding to a previous layer of the neural net-
work; storing the local quantization data in a memory to
perform an operation of a next layer of the neural network;
obtaining global quantization data by secondarily quantiz-
ing, based on a global maximum value corresponding to the
current layer, local recovery data obtained by recovering the
local quantization data based on the local maximum value
for each output channel of the current layer; and providing
the global quantization data as input data for the operation
of the next layer.

The recovering of the output data of the operation of the
current layer may include recovering the output data of the
operation of the current layer for each output channel based
on the global maximum value corresponding to the previous
layer, and the global maximum value may be generated
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based on data obtained by recovering the output data of an
operation of the previous layer.

The global maximum value may be a greatest value
among values of output channels of the recovered output
data of the operation of the previous layer.

The firstly quantizing of the global recovery data may
include firstly quantizing the global recovery data for each
output channel respectively based on the local maximum
value that is a maximum value of the global recovery data
for the output channel, such that the maximum value of the
global recovery data for each output channel is quantized
into a same value.

The recovering of the local quantization data may include
recovering the local quantization data for each output chan-
nel respectively based on the local maximum value that is a
maximum value of the global recovery data for the output
channel, such that the local quantization data is recovered to
data previous to the first quantization.

The data previous to the first quantization may correspond
to the global recovery data.

The secondarily quantizing of the local recovery data may
include secondarily quantizing the local recovery data for
each output channel based on the global maximum value
that is a maximum value of the local recovery data, such that
the local recovery data is quantized to a same scale.

The obtaining of the local quantization data further may
include: recovering the output data of the operation of the
current layer based on the global maximum value corre-
sponding to the previous layer; and obtaining the global
recovery data by performing a pooling operation on the
recovered data.

The method may include: storing the local maximum
value for each output channel of the current layer, the local
maximum values being obtained by calculating a maximum
value of the global recovery data for each output channel of
the current layer; and storing, in a register, the global
maximum value corresponding to the current layer, the
global maximum value corresponding to the current layer
being obtained by calculating a maximum value of the local
maximum values.

The obtaining of the local quantization data may be
sequentially performed for each output channel.

The operation of the current layer and the operation of the
next layer may be based on backward propagation, and the
output data of the operation of the current layer and the input
data for the operation of the next layer may include either
one of an activation, a loss gradient, and a weight gradient.

The method may include training the neural network by
performing the operation of the next layer based on the
global quantization data.

A non-transitory computer-readable storage medium may
store instructions that, when executed by a processor, con-
figure the processor to perform the method.

In another general aspect, a neural network data quantiz-
ing apparatus includes: a processor configured to: obtain
local quantization data by firstly quantizing, based on a local
maximum value for each output channel of a current layer of
a neural network, global recovery data obtained by recov-
ering output data of an operation of the current layer based
on a global maximum value corresponding to a previous
layer of the neural network; store the local quantization data
in a memory to perform an operation of a next layer of the
neural network; obtain global quantization data by second-
arily quantizing, based on a global maximum value corre-
sponding to the current layer, local recovery data obtained
by recovering the local quantization data based on the local
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maximum value for each output channel of the current layer;
and provide the global quantization data as input data for an
operation of a next layer.

For the recovering of the output data of the operation of
the current layer, the processor may be configured to recover
the output data of the operation of the current layer for each
output channel based on the global maximum value corre-
sponding to the previous layer, and the global maximum
value may be generated based on data obtained by recov-
ering the output data of an operation of the previous layer.

For the firstly quantizing of the global recovery data, the
processor may be configured to firstly quantize the global
recovery data for each output channel respectively based on
the local maximum value that is a maximum value of the
global recovery data for the output channel, such that the
maximum value of the global recovery data for each output
channel is quantized into a same value.

For the recovering of the local quantization data, the
processor may be configured to recover the local quantiza-
tion data for each output channel respectively based on the
local maximum value that is a maximum value of the global
recovery data for the output channel, such that the local
quantization data is recovered to data previous to the first
quantization.

For the secondarily quantizing of the local recovery data,
the processor may be configured to secondarily quantize the
local recovery data for each output channel based on the
global maximum value that is a maximum value of the local
recovery data, such that the local recovery data is quantized
to a same scale.

For the obtaining of the local quantization data, the
processor may be configured to: recover the output data of
the operation of the current layer based on the global
maximum value corresponding to the previous layer; and
obtain the global recovery data by performing a pooling
operation on the recovered data.

The processor may be configured to: store the local
maximum value for each output channel of the current layer,
the local maximum values being obtained by calculating the
maximum value of the global recovery data for each of all
output channels of the current layer; and store, in a register,
the global maximum value corresponding to the current
layer, the global maximum value corresponding to the
current layer being obtained by calculating a maximum
value of the local maximum values.

For the obtaining of the local quantization data, the
processor may be configured to sequentially obtain the local
quantization data for each output channel.

The processor may be configured to perform the operation
of the current layer and the operation of the next layer based
on backward propagation, and the output data of the opera-
tion of the current layer and the input data for the operation
of the next layer may each include any one of an activation,
a loss gradient, and a weight gradient.

The apparatus may be any one of a personal computer
(PC), a server device, a mobile device, a smartphone, a tablet
device, an augmented reality (AR) device, an Internet of
Things (IoT) device, an autonomous vehicle, a robotic
device, and a medical device, and the processor may be
configured to perform any one of voice recognition, image
recognition, and image classification based on an output of
the operation of the next layer.

The apparatus may include a memory storing instructions
that, when executed by the processors, configure the pro-
cessor to perform the obtaining of the local quantization
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data, the storing of the local quantization data, the obtaining
of the global quantization, and the providing of the global
quantization data.

In another general aspect, a neural network data quantiz-
ing method includes: globally recovering output data of a
current layer of a neural network based on a global maxi-
mum value of a previous layer of the neural network; locally
quantizing the globally recovered output data of the current
layer based on local maximum values of output channels of
the current layer; locally recovering the locally quantized
data based on the local maximum values; globally quantiz-
ing the locally recovered data based on a global maximum
value of output channels of the current layer; and providing
the globally quantization data as input data for a next layer
of the neural network.

Other features and aspects will be apparent from the
following detailed description, the drawings, and the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

The above and other aspects, features, and advantages of
certain embodiments of the disclosure will be more apparent
from the following description taken in conjunction with the
accompanying drawings, in which:

FIG. 1 illustrates a neural network according to one or
more embodiments of the present disclosure;

FIG. 2 illustrates an architecture of a neural network
according to one or more embodiments of the present
disclosure;

FIG. 3 illustrates forward propagation and backward
propagation according to one or more embodiments of the
present disclosure;

FIG. 4 illustrates an operation of a convolution layer in
forward propagation and backward propagation according to
one or more embodiments of the present disclosure;

FIG. 5 illustrates a neural network learning device and a
neural network inference device according to one or more
embodiments of the present disclosure;

FIG. 6 illustrates quantizing data of a neural network
according to one or more embodiments of the present
disclosure;

FIG. 7 illustrates a method of quantizing data of a neural
network according to one or more embodiments of the
present disclosure;

FIG. 8 illustrates storing a local maximum value and a
global maximum value according to one or more embodi-
ments of the present disclosure;

FIG. 9 illustrates quantizing data of a neural network
according to one or more embodiments of the present
disclosure;

FIG. 10 illustrates obtaining a local maximum value and
a global maximum value according to one or more embodi-
ments of the present disclosure;

FIG. 11 illustrates primary quantization and secondary
quantization for each output channel according to one or
more embodiments of the present disclosure;

FIG. 12 illustrates a quantization algorithm of data of a
neural network according to one or more embodiments of
the present disclosure;

FIG. 13 illustrates quantizing data of a neural network
according to one or more embodiments of the present
disclosure; and

FIG. 14 illustrates a neural network apparatus according
to one or more embodiments of the present disclosure.

DETAILED DESCRIPTION

The following detailed description is provided to assist
the reader in gaining a comprehensive understanding of the
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methods, apparatuses, and/or systems described herein.
However, various changes, modifications, and equivalents
of the methods, apparatuses, and/or systems described
herein will be apparent after an understanding of the dis-
closure of this application. For example, the sequences of
operations described herein are merely examples, and are
not limited to those set forth herein, but may be changed as
will be apparent after an understanding of the disclosure of
this application, with the exception of operations necessarily
occurring in a certain order. Also, descriptions of features
that are known in the art may be omitted for increased clarity
and conciseness.

Reference will now be made in detail to embodiments,
examples of which are illustrated in the accompanying
drawings, wherein like reference numerals refer to like
elements throughout. In this regard, the one or more embodi-
ments may have different forms and should not be construed
as being limited to the descriptions set forth herein. Accord-
ingly, the embodiments are merely described below, by
referring to the figures, to explain aspects. As used herein,
the term “and/or” includes any and all combinations of one
or more of the associated listed items. Expressions such as
“at least one of,” when preceding a list of elements, modify
the entire list of elements and do not modify the individual
elements of the list.

Unless otherwise defined, all terms, including technical
and scientific terms, used herein have the same meaning as
commonly understood by one of ordinary skill in the art to
which this disclosure pertains and after an understanding of
the disclosure of this application. Terms, such as those
defined in commonly used dictionaries, are to be interpreted
as having a meaning that is consistent with their meaning in
the context of the relevant art and the disclosure of this
application, and are not to be interpreted in an idealized or
overly formal sense unless expressly so defined herein.

The terminology used herein is for describing various
examples only, and is not to be used to limit the disclosure.
The articles “a,” “an,” and “the” are intended to include the
plural forms as well, unless the context clearly indicates
otherwise. The terms “comprises,” “includes,” and “has”
specify the presence of stated features, numbers, operations,
members, elements, and/or combinations thereof, but do not
preclude the presence or addition of one or more other
features, numbers, operations, members, elements, and/or
combinations thereof. The term used in the embodiments
such as “unit”, etc., indicates a unit for processing at least
one function or operation, and where the unit is hardware or
a combination of hardware and software.

Although terms such as “first,” “second,” and “third” may
be used herein to describe various members, components,
regions, layers, or sections, these members, components,
regions, layers, or sections are not to be limited by these
terms. Rather, these terms are only used to distinguish one
member, component, region, layer, or section from another
member, component, region, layer, or section. Thus, a first
member, component, region, layer, or section referred to in
examples described herein may also be referred to as a
second member, component, region, layer, or section with-
out departing from the teachings of the examples. Herein, it
is noted that use of the term “may” with respect to an
example or embodiment, e.g., as to what an example or
embodiment may include or implement, means that at least
one example or embodiment exists where such a feature is
included or implemented while all examples and embodi-
ments are not limited thereto.

Hereinbelow, embodiments will be described in detail
with reference to the attached drawings. However, embodi-
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6

ments may be implemented in various forms, and are not
limited to examples described herein.

FIG. 1 illustrates a neural network according to one or
more embodiments of the present disclosure.

A neural network 1 illustrated in FIG. 1 may be, but is not
limited to, an example of a deep neural network (DNN). For
example, the neural network 1 may be a DNN including an
input layer (Layerl), a plurality of hidden layers (Layer2,
Layer3, Layer 4, and Layer5), and an output layer (Layer6).

When the neural network 1 is implemented as a DNN, the
neural network 1 may include many layers capable of
processing valid information. Thus, with the neural network
1, data sets that are more complex may be processed than
with a neural network including a single layer. Meanwhile,
the neural network 1 is illustrated as including six layers in
FIG. 1, but this illustration is merely an example. In other
words, the neural network 1 may include layers that are
more than or less than those illustrated in FIG. 1. That is, the
neural network 1 may include layers of various structures
that are different from those illustrated in FIG. 1.

FIG. 2 illustrates an architecture of a neural network
according to one or more embodiments of the present
disclosure.

Some convolutional layers in a neural network 2 are
illustrated in FIG. 2, the neural network 2 may further
include pooling layers and fully connected layers, etc., as
well as the illustrated convolutional layers and pooling
(sub-sampling) layers.

The neural network 2 may be implemented as architecture
having a plurality of layers that output feature maps. In the
neural network 2, an operation is performed on an input
image with a filter referred to as a kernel, and as a result, the
feature maps are output to a next layer. The operation is
performed again using another filter on the output feature
maps, as input feature maps to a next layer resulting in new
output feature maps. When the operation is repeatedly
performed as such, a recognition result with respect to
features of the input image may be finally output through the
neural network 2.

For example, when an input image having a 24x24 pixel
size is input to the neural network 2 of FIG. 2, the input
image may be output as feature maps of four channels each
having a 20x20 pixel size, through an operation with a first
filter. That is, feature maps may be output for each of four
output channels. The output feature maps of the four chan-
nels may be output as feature maps having a 10x10 pixel
size for the four channels through a sub-sampling (or
pooling) operation. Thereafter, sizes of the feature maps may
be reduced through repeated operations using respective
filters and sub-sampling (or pooling) operations, and finally,
features each having a 1x1 pixel size may be output. In the
neural network 2, the operations and the sub-sampling (or
pooling) operations may be repeatedly performed in several
stages so as to respectively filter and output robust features,
which may represent the entire input image, from the input
image, and to derive a recognition result, as a non-limiting
example, of the input image through final features that are
output. Based on the above, it is understood that example
embodiments discussed herein include embodiments with
one or more, in various combinations, or all such layers,
stages, edges, etc. in operations of the neural network 2.

Referring to FIGS. 3 and 4, forward propagation and
backward propagation will be described according to one or
more embodiments.

FIG. 3 illustrates forward propagation and backward
propagation according to one or more embodiments of the
present disclosure.
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In FIG. 3, a part of a convolution layer 3 is illustrated. The
convolution layer 3 of FIG. 3 may include an input feature
map X, a filter F, and an output feature map O.

The input feature map X, the filter F, and the output
feature map O may respectively correspond to input activa-
tions (as output activation, from a previous layer), weights,
and output activations. A convolution operation may be
performed on the input feature map using the filter F through
forward propagation, resulting in the output feature map O.
This convolution forward propagation is also referred to an
inference operation.

For example, the filter F and the input feature map X may
be subject to the convolution operation using a sliding
window scheme. More specifically, input activations in a
first window may be multiplied by weights of the filter, and
products thereof may be summed. The window moves or
slides in any axis direction (e.g., an X axis, a y axis, or a Z
axis) from the first window to a second window. Input
activations in the second window may be multiplied by
weights of the filter, and products thereof may be summed.
When the convolution operation is continuously performed
in this way, the output feature map O may be generated.

While one input feature map X and one filter F are
illustrated in FIG. 3, the convolution operation may be
performed on a plurality of input feature maps and a
plurality of filters F to generate the output feature map O.

In a training process, once a final output feature map is
generated, the final output feature map may be compared
with an expected training result, thus generating a loss
function. This process of training the neural network may be
iteratively executed to minimize a loss of the loss function.

To minimize the loss of the loss function, a loss gradient

JaL
a0

may be propagated backward. The loss gradient may mean
a gradient of activation.

Thus, during this training, the convolution operation may
be performed on the backward-propagating loss gradient

oL
90

using a filter having elements rearranged from filter F,
resulting in a loss gradient

JaL
axX

for backward propagation to a previous layer.
The convolution operation may also be performed on the
loss gradient

JaL
a0

and the input feature map X, resulting in a weight gradient

JaL
aF"
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8

FIG. 4 illustrates an operation of a convolution layer in
forward propagation and backward propagation according to
one or more embodiments of the present disclosure.

The convolution operation may be performed on the input
feature map X and the filter F through forward propagation,
resulting in the output feature map O. The input feature map
may be, or based on, training data for example. For example,
activation of the output feature map O may be generated
based on a multiplication and accumulation (MAC) opera-
tion performed using activation of the input feature map X
and a weight of the filter F.

For example, an output feature map

011 012
0=
O21 022

of an input feature map

X1 X2 X13
X =|X2a X2 X3
X3l X3 X33
and a filter
fu fiz
F:[
fu Sz

may be generated using Equation 1 below, for example.

017X 11+ 10+ o1+ 00
017X 1o 114%1 3 100001 2320
021 %21/ 114520 123151 %3220

099 =Xof 1 1H%23f 1 04X 3251 HX33/% Equation 1:

X,; indicates activation of the input feature map X, f,
indicates the weight of the filter F, and o,; indicates the
resultant activation of the output feature map O.

The backward-propagating loss gradient

JaL
a0

and a filter F' having rearranged elements may be subject to
the convolution operation, resulting in a loss gradient

JaL
axX

for backward propagation to a next previous layer, e.g., as
the corresponding loss gradient

JaL
a0

for the previous layer to adjust the filter of the previous layer.
For example, an element of the loss gradient
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JaL
axX

may be generated based on the MAC operation performed
using an element of the loss gradient

JaL
a0

and a weight of the filter F'. In an example, the filter F' may
be generated by rotating the elements of the filter F by 180
degrees.

For example, a loss gradient

oL 9L oL
dxy Oxz dxs
oL | oL oL oL
9X | dxu Oxp Oum
oL 9L oL
dxs Oxp Oxm

for backward propagation to a next layer from a backward-
propagating loss gradient

aL
doyz
aL

don

aL
doyy
aL

dogy

JaL
a0

and a filter

o [fzz fa }
Sz fu

having rearranged elements may be generated using Equa-
tion 2 below, for example.

aL aL Equation 2
T = fu

dxyp doyy

aL aL aL f

_ - +

dx;,  dop 2 doyp "

aL aL i

dx;3  don 12

aL aL P aL i

e

dxp  dop 2 dogy 1

aL aL P aL P aL i aL i
— = —fot—fut—flo + —
dxyy  dop = doyp 2 dogy 12 don u
aL aL aL i

e

dx3  dopn = doxn 12

aL aL P

dx31 - doy; 2
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-continued
L L

— = 22
dxz;  dogy

- 1
i
doxn o

JaL JaL

dx33 Do

22

The convolution operation may also be performed on the
backward-propagating loss gradient

JaL
a0

and the input feature map X, resulting in a weight gradient

aL
aF

For example, an element of the weight gradient

JaL
3

may be generated based on the MAC operation performed
using an element of the loss gradient

JaL
a0

and activation of the input feature map X.
For example, a weight gradient,

aL AL
oL | 0fu 9fi
aF aL  aL |

afu Ofn

for backward propagation to a next layer may be generated
from the input feature map

X1 X12 %13

X =|x1 X X3

X31 X32 X33

and a loss gradient

L L
L doy, dopp
a0 | oL oL
doy; dox

backward-propagating from a previous layer, by using Equa-
tion 3 below, for example.
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aL L aL aL aL Equation 3
T T At Xt —X + ——xp
dfui  Bon doyp doy dox

L aL L L L
T T Xt —x3 + X2 + x23
fiz  don doyp doy dox

L aL L L L
= Xol + ——Xpp + ——X31 + —— X3
Bfu  Bon doyp doy dox

L aL L L L
T T g Xeet X3+ ——X3 + ——X33
Bfr  Bon doyp doy dox

FIG. 5 illustrates a neural network learning device and a
neural network inference device according to one or more
embodiments of the present disclosure.

Referring to FIG. 5, a neural network learning device 51
may be a computing device having various processing
functions such as functions of creating and training (or
learning) a neural network, quantizing data of the neural
network, or retraining the neural network. For example, the
neural network learning device 51 may be implemented
with, or as, various types of devices such as a personal
computer (PC), a server device, a mobile device, etc.

The neural network learning device 51 may create a
trained neural network 52 by repeatedly training (learning)
a given initial neural network. Data in a floating-point
format may be quantized into a fixed-point format in a
training process, and/or data in the fixed-point format may
undergo an operation process and then quantized back into
the fixed-point format.

The neural network learning device 51 may deliver the
trained neural network 52 to a hardware accelerator such as
a neural network inference device 53. The neural network
inference device 53 may be, or be included in, a mobile
device, an embedded device, etc. The neural network infer-
ence device 53, which is hardware for driving a neural
network 54, may be implemented with relatively low power
or low performance, and thus may be properly implemented
for a fixed-point operation rather than a floating-point opera-
tion. A function of the neural network inference device 53 is
not limited to driving of the neural network 54, and may
include functions of the neural network learning device 51.
In an example, the neural network inference device 53 may
perform training operations herein and the neural network
learning device 51 may perform inference operations
described herein.

The neural network inference device 53 may correspond
to, but not limited to, a dedicated module for driving a neural
network, such as a neural processing unit (NPU), a tensor
processing unit (TPU), a neural engine, etc. The neural
network inference device 53 may be included in, but not
limited to, an autonomous vehicle, robotics, a smartphone, a
tablet device, an augmented reality (AR) device, an Internet
of Things (IoT) device, etc., which performs voice recog-
nition, image recognition, etc., using a neural network.

FIG. 6 illustrates quantizing data of a neural network
according to one or more embodiments of the present
disclosure.

In driving or training of a neural network, a process of
performing (by a calculator 61) an operation of a current
layer, quantizing data output as a result of the operation,
storing the quantized data in a memory 62, and reading data
stored in the memory 62, and inputting the read data into the
calculator 61 for use in an operation to a next layer may be
repeatedly performed.
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In forward propagation, output data resulting from an
operation may include activation. In backward propagation,
output data resulting from an operation may include a loss
gradient and a weight gradient.

Meanwhile, prior to quantization, the output data resulting
from the operation may be stored in an on-chip memory
serving as a cache.

A neural network inference device included in a smart-
phone, a tablet, a wearable device, etc., having relatively low
processing performance may have a limited space of an
on-chip memory. Accordingly, a method of quantizing data
of a neural network according to one or more embodiments
may quantize data to sufficiently reduce a space used by the
on-chip memory in storing the data, such that the neural
network may be efficiently driven and/or trained using the
neural network inference device having a limited resource
(such as the limited space of the on-chip memory), thereby
improving the functioning of the neural network inference
device with which the neural network may be driven and/or
trained. Moreover, by sequentially quantizing output data
for each channel of a neural network layer, the method of
quantizing data of the neural network according to one or
more embodiments may reduce the amount of resources
used by the on-chip memory compared to a typical quanti-
zation method which may quantize all output data of the
layer, thereby improving.

Hereinbelow, a method of quantizing data of a neural
network according to one or more embodiments will be
described with reference to FIGS. 7 through 8.

FIG. 7 illustrates a method of quantizing data of a neural
network according to one or more embodiments of the
present disclosure.

The flowchart illustrated in FIG. 7 may include operations
processed in time series by a neural network apparatus 1400
to be described later with reference to FIG. 14. Matters
described below may be applied to the neural network
apparatus 1400.

In operation 710, a processor 1420 of the neural network
device 1400 may primarily (e.g., firstly) quantize global
recovery data (recovered from output data of an operation of
a current layer based on a global maximum value corre-
sponding to a previous layer) based on a local maximum
value for each output channel of the current layer, thereby
obtaining local quantization data.

The previous layer and the current layer may be, but not
limited to, an input layer, a hidden layer, and an output layer,
etc., of a DNN. The previous layer and the current layer may
be, but not limited to, a layer included in a convolution
neural network. The previous layer and the current layer
may be, but not limited to, a convolution layer, a pooling
layer, a flatten layer, a normalization layer, a fully connected
layer, etc.

When the neural network apparatus 1400 drives the neural
network through forward propagation, output data resulting
from the operation of the current layer may include activa-
tion. Further, when the neural network apparatus 1400 trains
the neural network through backward propagation, output
data resulting from the operation of the current layer may
include a loss gradient or a weight gradient.

The processor 1420 may recover the output data resulting
from the operation of the current layer based on the global
maximum value corresponding to the previous layer, thus
generating global recovery data. Data recovery may mean
that data is dequantized into a scale previous to quantization.

The processor 1420 may recover the output data resulting
from the operation of the current layer based on the global
maximum value corresponding to the previous layer and
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perform sub-operations such as the pooling operation,
arrangement normalization, activation using the activation
function, etc., thus generating the global recovery data.

The processor 1420 may add noise to the output data
resulting from the operation of the current layer to generate
the global recovery data. By performing primary (first)
quantization with respect to the global recovery data gen-
erated by addition of the noise to the output data, the
learning performance of the neural network may be
improved. Noise may be, but not limited to, Gaussian noise,
uniform noise, white noise, etc.

The global maximum value corresponding to the previous
layer may be a value generated based on the output data
resulting from the operation of the previous layer. For
example, the global maximum value corresponding to the
previous layer may be a maximum value of recovered output
data when the output data resulting from the operation of the
previous layer is recovered.

The output data resulting from the operation of the current
layer may be recovered based on Equation 4 below, for
example. To recover the output data resulting from the
operation of the current layer, the global maximum value
corresponding to the previous layer may be used as max (IxI)
in Equation 4, and the output data of the operation of the
current layer may be used as maxq,,(x).

x=2 max(Ixl)-[maxq,(x)-2] Equation 4:

The processor 1420 may recover the output data resulting
from the operation of the current layer for each output
channel of the current layer. As the output data resulting
from the operation of the current layer is recovered for each
output channel of the current layer, the global recovery data
may be generated for each output channel of the current
layer. The global recovery data generated for each output
channel of the current layer may be quantized based on a
separate reference value for each output channel of the
current layer.

The processor 1420 may sequentially recover the output
data resulting from the operation of the current layer for each
output channel of the current layer. For example, when the
current layer includes three output channels, the processor
1420 may recover output data of a second output channel
after recovering output data of a first output channel, and
then recover output data of a third output channel.

The processor 1420 may generate local quantization data
by primarily quantizing the global recovery data based on
the local maximum value for each output channel of the
current layer. Primary quantization based on the local maxi-
mum value for each output channel of the current layer may
mean quantization based on a separate reference value for
each output channel of the current layer. The local maximum
value may be a maximum value for each output channel of
the current layer of the global recovery data.

The global recovery data may be quantized based on
Equation 5 and Equation 6. To primarily quantize the global
recovery data, the local maximum value for each output
channel of the current layer may be used as of Equation 5,
and the global recovery data may be used as x. In Equations
5 and 6 below, n may indicate the number of bits of a level
for quantization.

Equation 5

X 1
= 1i; R T
maxg, () = quantize, [ 2max(|x]) 2]

X 1 Equation 6
quantize,(r) = > -round(2” - r)

The processor 1420 may sequentially perform primary
quantization on the global recovery data for each output
channel of the current layer. For example, when the current
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layer includes three output channels, the processor 1420
may quantize global recovery data of the second output
channel after quantizing global recovery data of the first
output channel, and then quantize global recovery data of the
third output channel. As the global recovery data is sequen-
tially quantized for each output channel, the amount of a
resource used by the on-chip memory for a quantization
process may be reduced, thereby improving the functioning
of a device including the on-chip memory with which the
neural network may be driven and/or trained.

The processor 1420 may sequentially perform recovery
and primary quantization with respect to the output data
resulting from the operation of the current layer for each
output channel of the current layer. For example, when the
current layer includes three output channels, the processor
1420 may recover and quantize the output data of the second
output channel after recovering and quantizing the output
data of the first output channel, and then recovering and
quantizing the output data of the third output channel.

In operation 720, the processor 1420 may store the local
quantization data in the memory to perform the operation of
the next layer. The memory may be the memory 1410 of the
neural network apparatus 1400 or the on-chip memory
included in the processor 1420.

The next layer may be, but not limited to, an input layer,
a hidden layer, and an output layer, etc., of a DNN. The next
layer may be, but not limited to, a layer included in a
convolution neural network. The next layer may be, but not
limited to, a convolution layer, a pooling layer, a flatten
layer, a normalization layer, a fully connected layer, etc.

In operation 730, the processor 1420 may perform sec-
ondary quantization on the local recovery data, recovered
from the local quantization data based on the local maxi-
mum value for each output channel, based on the global
maximum value corresponding to the current layer, thus
obtaining global quantization data.

The processor 1420 may recover the local quantization
data based on the local maximum value for each output
channel, thus generating local recovery data. The local
quantization data may be recovered for each output channel
based on the same local maximum value as in primary
quantization. The local quantization data may be dequan-
tized to a scale previous to quantization by being recovered
based on the local maximum value for each output channel.
For example, the local recovery data may be the same as the
global recovery data.

The local quantization data may be recovered based on
Equation 4. To recover the local quantization data, the local
maximum value for each output channel of the current layer
may be used as max (Ix|) of Equation 4, and the local
quantization data may be used as maxq,,(X).

The processor 1420 may sequentially recover the local
quantization data for each output channel of the current
layer. For example, when the current layer includes three
output channels, the processor 1420 may recover the local
quantization data of the second output channel after recov-
ering the local quantization data of the first output channel,
and then recover the local quantization data of the third
output channel.

The processor 1420 may perform secondary quantization
on the local recovery data based on the global maximum
value corresponding to the current layer, thus generating
global quantization data.

The global maximum value corresponding to the current
layer may be a maximum value of the global recovery data.
The global maximum value corresponding to the current
layer may be calculated based on the local maximum value
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for each output channel of the current layer. For example, the
global maximum value corresponding to the current layer
may be a maximum value among local maximum values for
all output channels of the current layer.

The local recovery data may be secondarily quantized
based on Equation 5 and Equation 6. To secondarily quan-
tize the local recovery data, the global maximum value
corresponding to the current layer may be used as max (IxI)
of Equation 5.

The processor 1420 may sequentially perform secondary
quantization on the local recovery data for each output
channel of the current layer. For example, when the current
layer includes three output channels, the processor 1420
may quantize local recovery data of the second output
channel after quantizing local recovery data of the first
output channel, and then quantize local recovery data of the
third output channel.

The processor 1420 may sequentially perform recovery
and secondary quantization with respect to the local quan-
tization data for each output channel of the current layer. For
example, when the current layer includes three output chan-
nels, the processor 1420 may recover and quantize the local
quantization data of the second output channel after recov-
ering and quantizing the local quantization data of the first
output channel, and then recover and quantize the local
quantization data of the third output channel.

In operation 740, the processor 1420 may provide the
global quantization data as input data for an operation of the
next layer.

FIG. 8 illustrates storing a local maximum value and a
global maximum value according to one or more embodi-
ments of the present disclosure.

In operation 810, the processor 1420 may store local
maximum values for all output channels of the current layer
in a register of the processor 1420. For example, the pro-
cessor 1420 may store the local maximum values in a
register file.

The processor 1420 may obtain the local maximum values
by calculating a maximum value of the global recovery data
for each of all the output channels of the current layer.

The processor 1420 may sequentially store the local
maximum values in the register. For example, when the
current layer includes three output channels, the processor
1420 may store a local maximum value calculated from the
global recovery data of the first output channel, store a local
maximum value calculated from the global recovery data of
the second output channel, and then store a local maximum
value calculated from the global recovery data of the third
output channel.

The processor 1420 may read the local maximum values
stored in the register to recover the local quantization data in
a subsequent process.

In operation 820, the processor 1420 may store a global
maximum value corresponding to the current layer, which is
the maximum value among the local maximum values, in the
register.

The processor 1420 may obtain the global maximum
value corresponding to the current layer, by calculating the
maximum value of the local maximum values for all the
output channels of the current layer.

The processor 1420 may read the global maximum value
stored in the register to secondarily quantize the local
recovery data in a subsequent process.

FIG. 9 illustrates quantizing data of a neural network
according to one or more embodiments of the present
disclosure.
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In the neural network, a calculator 910 may perform a
convolution operation. Calculators described below may be
included in a processing unit of the processor 1420. The
calculator 910 may perform an operation of the next layer
after performing an operation of the current layer. Output
data resulting from the operation of the current layer may be
used in the operation of the next layer, after passing through
primary quantization and secondary quantization.

When the neural network operates through forward propa-
gation, output data 940 resulting from the operation of the
current layer may include activation. When the neural net-
work is trained through backward propagation, output data
940 resulting from the operation of the current layer may
include a loss gradient or a weight gradient.

The processor 1420 may recover the output data 940
based on the global maximum value corresponding to the
previous layer, thus generating global recovery data 950.
The processor 1420 may recover the output data 940 based
on the global maximum value corresponding to the previous
layer and perform sub-operations such as the pooling opera-
tion, arrangement normalization, activation using the acti-
vation function, etc., thus generating the global recovery
data 950. The processor 1420 may add noise to the output
data 940 to generate the global recovery data.

The processor 1420 may recover the output data 940 for
each output channel of the current layer. The processor 1420
may sequentially recover the output data 940 for each output
channel of the current layer. For example, when the current
layer includes n output channels, the processor 1420 may
recover output data 942 of the second output channel after
recovering output data 941 of the first output channel, and
finally recover output data 943 of an n” output channel.

The processor 1420 may calculate local maximum values
Local Max #1, Local Max #2, . . ., Local Max #n from
global recovery data 950. For example, when the current
layer includes n output channels, the processor 1420 may
calculate a maximum value of global recovery data 951 of
the first output channel as the local maximum value Local
Max #1, calculate a maximum value of global recovery data
952 of the second output channel as the local maximum
value Local Max #2, and finally calculate a maximum value
of global recovery data 953 of the n” output channel as the
local maximum value Local Max #n. The calculated local
maximum values Local Max #1, Local Max #2, . . ., Local
Max #n may be stored in a register 930 of the processor
1420.

The processor 1420 may calculate a global maximum
value Global Max corresponding to the current layer from
the local maximum values Local Max #1, Local Max
#2, ..., Local Max #n. For example, the processor 1420
may calculate a maximum value of the local maximum
values Local Max #1, Local Max #2, . . ., Local Max #n as
the global maximum value Global Max corresponding to the
current layer. The calculated global maximum value Global
Max may be stored in the register 930.

The processor 1420 may primarily quantize the global
recovery data 950 based on the local maximum values Local
Max #1, Local Max #2, . . ., Local Max #n, thus generating
local quantization data 960.

The processor 1420 may primarily quantize the global
recovery data 950 for each output channel of the current
layer. The processor 1420 may sequentially perform primary
quantization on the global recovery data 950 for each output
channel of the current layer. For example, when the current
layer includes n output channels, the processor 1420 may
quantize the global recovery data 952 of the second output
channel based on the local maximum value Local Max #2
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after quantizing the global recovery data 951 of the first
output channel based on the local maximum value Local
Max #1, and finally quantize the global recovery data 953 of
the n output channel based on the local maximum value
Local Max #n.

The local quantization data 960 may be stored in a
memory 920 for use in the operation of the next layer. The
memory 920 may be the memory 1410 of the neural network
apparatus 1400 or the on-chip memory included in the
processor 1420.

The processor 1420 may load local quantization data 970
from the memory 920 and recover the loaded local quanti-
zation data 970 based on a local maximum value for each
output channel of the current layer, thus generating local
recovery data 980. The local maximum value for each output
channel of the current layer may be read from the register
930.

The processor 1420 may recover the local quantization
data 970 for each output channel of the current layer. The
processor 1420 may sequentially recover the local quanti-
zation data 970 for each output channel of the current layer.
For example, when the current layer includes n output
channels, the processor 1420 may recover local quantization
data 972 of the second output channel based on the local
maximum value Local Max #2 after recovering local quan-
tization data 971 of the first output channel based on the
local maximum value Local Max #1, and finally recover
local quantization data 973 of the n” output channel based
on the local maximum value Local Max #n.

The local recovery data 980 may be the same as the global
recovery data 950. For example, when the current layer
includes n output channels, the global recovery data 951 of
the first output channel may be the same as local recovery
data 981, the global recovery data 952 of the second output
channel may be the same as local recovery data 982, and
finally, the global recovery data 953 of the n output channel
may be the same as local recovery data 983.

The processor 1420 may secondarily quantize the local
recovery data 980 based on the global maximum value
Global Max corresponding to the current layer, thus gener-
ating global quantization data 990. The global maximum
value Global Max corresponding to the current layer may be
read from the register 930.

The processor 1420 may secondarily quantize the local
recovery data 980 for each output channel of the current
layer. The processor 1420 may sequentially perform sec-
ondary quantization on the local recovery data 980 for each
output channel of the current layer. For example, when the
current layer includes n output channels, the processor 1420
may quantize the local recovery data 982 of the second
output channel based on the global maximum value Global
Max after quantizing the local recovery data 981 of the first
output channel based on the global maximum value Global
Max, and finally quantize the local recovery data 983 of the
n” output channel based on the global maximum value
Global Max.

The processor 1420 may perform secondary quantization
on the local recovery data 980 for all the output channels,
thus quantizing the local recovery data 980 to the same
scale.

The global quantization data 990 may be input to the
calculator 910 for use in the operation of the next layer.

FIG. 10 illustrates obtaining a local maximum value and
a global maximum value according to one or more embodi-
ments of the present disclosure.
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When the current layer includes four output channels, a
local maximum value may be calculated for each of the four
output channels.

The processor 1420 may calculate the local maximum
value Local Max #1 for the first output channel from global
recovery data 1010 of the first output channel. For example,
the processor 1420 may calculate a maximum value of 6 of
the global recovery data 1010 of the first output channel as
the local maximum value Local Max #1.

Likewise, the processor 1420 may calculate the local
maximum values Local Max #2, Local Max #3, and Local
Max #4 for the second, third, and fourth output channels
from respective global recovery data 1020, 1030, and 1040
for the second, third, and fourth output channels.

The processor 1420 may calculate the global maximum
value Global Max corresponding to the current layer from
the local maximum values Local Max #1, Local Max #2,
Local Max #3, and Local Max #4. For example, the pro-
cessor 1420 may calculate a maximum value of 18 of the
global maximum values Local Max #1, Local Max #2, Local
Max #3, and Local Max #4 as the global maximum value
Global Max.

FIG. 11 illustrates primary quantization and secondary
quantization for each output channel according to one or
more embodiments of the present disclosure.

More specifically, FIG. 11 shows an example of primarily
quantizing and secondarily quantizing output data 1111 and
1121 resulting from an operation of the current layer includ-
ing two output channels into 8 bits.

The processor 1420 may recover the output data 1111 of
a first channel, thus generating global recovery data 1112 of
the first channel. The processor 1420 may recover the output
data 1111 of the first output channel based on a global
maximum value Global Max@Previous Layer correspond-
ing to the previous layer. For example, the output data 1111
may be recovered based on Equation 4, and more specifi-
cally, data having a value of 144/2® of the output data 1111
may be recovered based on the global maximum value, 64,
Global Max@Previous Layer corresponding to the previous
layer, thus generating global recovery data having a value of
8. For example, using Equation 4, when max (IxI) is 64 and
maxq,,(x) is 144/28, global recovery data x having a value of
8 may be generated.

The processor 1420 may calculate the local maximum
value Local Max #1 for the first channel. For example, the
processor 1420 may calculate a maximum value of 8 of the
global recovery data 1112 as the local maximum value Local
Max #1.

The processor 1420 may primarily quantize the global
recovery data 1112 of the first channel based on the local
maximum value Local Max #1 for the first channel, thus
generating local quantization data 1113 of the first channel.
For example, the global recovery data 1112 may be primarily
recovered based on Equation 5 and Equation 6, and more
specifically, data having a value of 2 of the global recovery
data 1112 may be primarily quantized based on the local
maximum value, 8, Local Max #1 for the first channel, thus
generating local quantization data having a value of 160/2%.
For example, using Equation 5, when x is 2 and max(Ixl) is
8, local quantization data maxq,,(x) having a value of 160/2®
may be generated.

Similarly, the processor 1420 may recover the output data
1121 of a second channel, thus generating global recovery
data 1122 of the second channel. The processor 1420 may
recover the output data 1121 based on a global maximum
value Global Max@Previous Layer corresponding to the
previous layer. For example, of the output data 1121, data
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having a value of 38%2% may be recovered based on the
global maximum value, 64, Global Max@Previous Layer
corresponding to the previous layer, thus generating global
recovery data having a value of 128. For example, using
Equation 4, when max (Ix|) is 64 and maxq, (x) is 384/2%,
global recovery data x having a value of 128 may be
generated.

Likewise, the processor 1420 may calculate the local
maximum value Local Max #2 for the second channel. For
example, the processor 1420 may calculate a maximum
value of 128 of the global recovery data 1122 as the local
maximum value Local Max #2.

Likewise, the processor 1420 may primarily quantize the
global recovery data 1122 of the first channel based on the
local maximum value Local Max #2 for the second channel,
thus generating local quantization data 1123 of the second
channel. For example, of the global recovery data 1122, data
having a value of 32 may be primarily quantized based on
the local maximum value, 8, Local Max #1 for the second
channel, thus generating local quantization data having a
value of 160/28. For example, using Equation 5, when x is
32 and max(Ixl) is 128, local quantization data maxq,(x)
having a value of 160/2® may be generated.

The processor 1420 may calculate a global maximum
value Global Max@Current Layer corresponding to the
current layer from the local maximum value Local Max #1
for the first channel and the local maximum value Local Max
#2. For example, the processor 1420 may calculate a maxi-
mum value, 128, of the local maximum value Local Max #1
for the first channel and the local maximum value Local Max
#2 for the second channel, as the global maximum value
Global Max@Current Layer corresponding to the current
layer.

The local maximum value Local Max #1 for the first
channel, the local maximum value Local Max #2 for the
second channel, and the global maximum value Global
Max@Current Layer corresponding to the current layer may
be stored in the register of the processor 1420.

The processor 1420 may recover the local quantization
data 1113 of the first channel, thus generating local recovery
data 1114 of the first channel. The processor 1420 may
recover the local quantization data 1113 of the first output
channel based on the local maximum value Local Max #1
for the first channel. For example, the local quantization data
1113 may be recovered based on Equation 4, and more
specifically, data having a value of 144/2% of the local
quantization data 1113 may be recovered based on the local
maximum value, 8, Local Max #1 for the first channel, thus
generating local recovery data having a value of 1. For
example, using Equation 4, when max (Ix) is 8 and maxq,,
(x) is 144/2%, local recovery data x having a value of 1 may
be generated.

The processor 1420 may secondarily quantize the local
recovery data 1114 of the first channel based on the global
maximum value Global Max@Current Layer corresponding
to the current layer, thus generating global quantization data
1115 of the first channel. For example, the local recovery
data 1114 may be secondarily recovered based on Equation
5 and Equation 6, and data having a value of 4 of the local
recovery data 1114 may be secondarily quantized based on
the global maximum value, 128, Global Max@Current
Layer corresponding to the current layer, thus generating
global quantization data having a value of 132/2%. For
example, using Equation 5, when x is 4 and max(Ix|) is 128,
global quantization data maxq,,(x) having a value of 132/2®
may be generated.
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Likewise, the processor 1420 may recover the local
quantization data 1123 of the second channel, thus generat-
ing local recovery data 1124 of the second channel. The
processor 1420 may recover the local quantization data 1123
of the second output channel based on the local maximum
value Local Max #2 for the second channel. For example, of
the local quantization data 1123, data having a value of
144/2® may be recovered based on the local maximum value,
128, Local Max #2 for the second channel, thus generating
local recovery data having a value of 16. For example, using
Equation 4, when max (Ix) is 128 and maxq,(x) is 144/2%,
local recovery data x having a value of 16 may be generated.

The processor 1420 may secondarily quantize the local
recovery data 1124 of the second channel based on the
global maximum value Global Max@Current Layer corre-
sponding to the current layer, thus generating global quan-
tization data 1125 ofthe second channel. For example, of the
local recovery data 1124, data having a value of 64 may be
secondarily quantized based on the global maximum value,
128, Global Max@Current Layer corresponding to the cur-
rent layer, thus generating global quantization data having a
value of 192/28. For example, using Equation 5, when x is
64 and max(Ixl) is 128, global quantization data maxq,,(x)
having a value of 192/2® may be generated.

FIG. 12 illustrates a quantization algorithm of data of a
neural network (e.g., using the method illustrated in FIG. 7)
according to one or more embodiments of the present
disclosure.

Referring to FIG. 12, in a quantization algorithm 1200, a
backward-propagating loss gradient may be quantized.

In operation 1201, the processor 1420 may recover local
quantization data loss_gradient, for each input channel of
the current layer, thus generating local recovery data loss_
gradient. In this case, the input channel of the current layer
may correspond to an output channel in forward propaga-
tion. The processor 1420 may recover the local quantization
data loss_gradient; based on a local maximum value
local_maxc,,,.

In operation 1202, the processor 1420 may quantize local
recovery data loss_gradient for each input channel of the
current layer, thus generating global quantization data loss_
gradient . The processor 1420 may quantize the local recov-
ery data loss_gradient based on a global maximum value
global_max,, thus generating global quantization data loss_
gradient ;.

In operation 1203, the processor 1420 may perform a
convolution operation on the global quantization data loss_
gradient ;.

In operation 1204, the processor 1420 may recover output
data loss_gradient; resulting from an operation of the cur-
rent layer for each output channel of the current layer. In this
case, the output channel of the current layer may correspond
to an input channel in forward propagation. The output data
loss_gradient; may be recovered based on the global maxi-
mum value global_max,.

In operation 1205, the processor 1420 may perform
sub-operations such as arrangement normalization, the pool-
ing operation, activation using the activation function, etc.,
on the recovered data, thus generating global recovery data.

In operation 1206, the processor 1420 may calculate a
local maximum value local_maxc,,, for each output channel
of the current layer.

In operation 1207, the processor 1420 may quantize
global recovery data loss_gradient for each output channel
of the current layer, thus generating local quantization data
loss_gradient. The processor 1420 may quantize the global
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recovery data loss_gradient based on the local maximum
value local_maxc__, thus generating local quantization data
loss_gradient ;.

In operation 1208, the processor 1420 may calculate a
global maximum value global_max; ; from local maximum
values local_max_, local_max_,, . . . , obtained for all the
output channels of the current layer.

FIG. 13 illustrates quantizing data of a neural network
according to one or more embodiments of the present
disclosure.

In the neural network, a calculator 1310 may perform a
convolution operation. The calculator 1310 may perform an
operation of the next layer after performing an operation of
the current layer. Output data resulting from the operation of
the current layer may be used in the operation of the next
layer, after passing through quantization.

When the neural network operates through forward propa-
gation, output data 1330 resulting from the operation of the
current layer may include activation. When the neural net-
work is trained through backward propagation, the output
data 1330 resulting from the operation of the current layer
may include a loss gradient or a weight gradient.

The processor 1420 may predict a global maximum value
for recovering the output data 1330. For example, the
processor 1420 may predict the global maximum value
based on output data resulting from an operation of a
previous layer. For example, the processor 1420 may predict
the global maximum value based on an aspect of data change
in quantization.

The processor 1420 may recover the output data 1330
based on the predicted global maximum value, thus gener-
ating global recovery data 1340. The processor 1420 may
recover the output data 1330 based on the predicted global
maximum value and perform sub-operations such as the
pooling operation, arrangement normalization, activation
using the activation function, etc., thus generating the global
recovery data 1340. The processor 1420 may recover the
output data 1330 based on the predicted global maximum
value and add noise to the recovered data, thus generating
the global recovery data 1340.

The processor 1420 may recover the output data 1330 for
each output channel of the current layer. The processor 1420
may sequentially recover the output data 1330 for each
output channel of the current layer. For example, when the
current layer includes n output channels, the processor 1420
may recover output data 1332 of the second output channel
after recovering output data 1331 of the first output channel,
and finally recover output data 1333 of an n™ output channel.

The processor 1420 may calculate local maximum values
from the global recovery data 1340. For example, when the
current layer includes n output channels, the processor 1420
may calculate a maximum value of global recovery data
1341 of the first output channel as a local maximum value
for the first output channel, calculate a maximum value of
global recovery data 1342 of the second output channel as a
local maximum value for the second output channel, and
finally calculate a maximum value of global recovery data
1343 of the n” output channel as a local maximum value for
the n” output channel.

The processor 1420 may generate local quantization data
1350 by quantizing the global recovery data 1340 based on
the local maximum values.

The processor 1420 may quantize the global recovery data
1340 for each output channel of the current layer. The
processor 1420 may sequentially quantize the global recov-
ery data 1340 for each output channel of the current layer.
For example, when the current layer includes n output
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channels, the processor 1420 may quantize the global recov-
ery data 1341 of the first output channel based on the local
maximum value for the first output channel, quantize the
global recovery data 1342 of the second output channel
based on the local maximum value for the second output
channel, and finally quantize the global recovery data 1343
of the n” output channel based on the local maximum value
for the n” output channel.

The processor 1420 may compensate for the local quan-
tization data 1350 based on a difference between a local
maximum value for each output channel of the current layer
and the predicted global maximum value, thus generating
global quantization data 1360. For example, when the local
maximum value for each output channel and the predicted
global maximum value are equal to each other, the processor
1420 may set the local quantization data 1350 as the global
quantization data 1360. For example, when the local maxi-
mum value for each output channel is less than the predicted
global maximum value, the processor 1420 may perform
compensation in such a way to reduce the local quantization
data 1350 in proportional to the difference between the local
maximum value and the predicted global maximum value,
thus generating the global quantization data 1360.

The processor 1420 may compensate for the local quan-
tization data 1350 for each output channel of the current
layer. The processor 1420 may sequentially compensate for
the local quantization data 1350 for each output channel of
the current layer. For example, when the current layer
includes n output channels, the processor 1420 may com-
pensate for local quantization data 1351 of the first output
channel based on a difference between a first local maximum
value and the predicted global maximum value, compensate
for local quantization data 1352 of the second output chan-
nel based on a difference between a second local maximum
value and the predicted global maximum value, and finally
compensate for local quantization data 1353 of the n” output
channel based on a difference between an n™ local maximum
value and the predicted global maximum value.

The amount of resources used by the register in quanti-
zation may be reduced because the processor 1420 generates
the global quantization data 1360 without storing the local
maximum values in the register.

The global quantization data 1360 may be stored in and
read from the memory 1320 and input to the calculator 1310
for use in an operation of the next layer. The memory 1320
may be the memory 1410 of the neural network apparatus
1400 or the on-chip memory included in the processor 1420.

FIG. 14 illustrates a neural network apparatus according
to one or more embodiments of the present disclosure.

Referring to FIG. 14, a neural network apparatus 1400
may include a memory 1410 and a processor 1420. The
neural network apparatus 1400 may be connected with an
external memory. The neural network apparatus 1400 illus-
trated in FIG. 14 may include components associated with
the current embodiment. Thus, it will be understood to one
of ordinary skill in the art after an understanding of the
present disclosure that other general-purpose components
other than the components illustrated in FIG. 14 may be
further included in the neural network apparatus 1400.

The neural network apparatus 1400 may be an apparatus
in which the above-described neural network is imple-
mented with reference to FIGS. 1-13. For example, the
neural network apparatus 1400 may be implemented as, or
with, various types of devices such as a personal computer
(PC), a server device, a mobile device, an embedded device,
etc. In detail, the neural network apparatus 40 may be
included in a smartphone, a tablet device, an augmented
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reality (AR) device, an Internet of Things (IoT) device, an
autonomous vehicle, a robotic device, or a medical device,
which performs voice recognition, image recognition, and
image classification using a neural network, but is not
limited thereto. The neural network apparatus 1400 may
correspond to an exclusive hardware (HW) accelerator
mounted on such a device, and may be an HW accelerator,
such as a neural processing unit (NPU), a tensor processing
unit (TPU), or a neural engine, which is an exclusive module
for driving a neural network. The neural network apparatus
1400 may be the neural network device 51 or the neural
network inference device 53 of FIG. 5.

The memory 1410 may store various data processed in the
neural network apparatus 1400. For example, the memory
1410 may store data processed or to be processed in the
neural network apparatus 1400 for processing data. Also, the
memory 1410 may store applications or drivers to be driven
by the neural network apparatus 1400.

For example, the memory 1410 may include random-
access memory (RAM), such as dynamic random-access
memory (DRAM) or static random-access memory
(SRAM), read-only memory (RAM), electrically erasable
programmable read-only memory (EEPROM), a CD-ROM,
a Blu-ray disk, optical disk storage, a hard disk drive (HDD),
a solid state drive (SSD), or a flash memory.

The processor 1420 may control overall functions for
executing the neural network apparatus 1400 in a neural
network. For example, the processor 1420 may control the
neural network apparatus 1400 for processing data in gen-
eral by executing programs stored in the memory 1410. The
processor 1420 may be implemented as a central processing
unit (CPU), a graphics processing unit (GPU), or an appli-
cation processor (AP) included in the neural network appa-
ratus 1400, but is not limited thereto.

The processor 1420 may read or write data, for example,
image data, feature map data, or kernel data, from or to the
memory 1410, and execute the neural network by using the
read/written data. When the neural network is executed, the
processor 1420 may drive processing units provided therein
to repeatedly perform an operation between an input feature
map and a kernel, thereby generating data related to an
output feature map. Here, an operation count of the opera-
tion may be determined based on various factors, such as the
number of channels of the input feature map, the number of
channels of the kernel, the size of the input feature map, the
size of the kernel, and precision of a value.

For example, the processing unit may include a logic
circuit for an operation. More specifically, the processing
unit may include a calculator implemented with a combi-
nation of a multiplier, an adder, and an accumulator. The
multiplier may include a combination of a plurality of
sub-multipliers, and the adder may also include a combina-
tion of a plurality of sub-adders.

The processor 1420 may further include an on-chip
memory in charge of a register (or a register file) and a cache
to process an operation and a dispatcher that dispatches
various operands, such as pixel values of an input feature
map or weights of filters. For example, the dispatcher may
dispatch operands such as pixel values and weights required
for an operation to be performed by a processing unit from
data stored in the memory 1410 to the on-chip memory.
Then, the dispatcher may dispatch the operands dispatched
to the on-chip memory again to a processing unit for the
operation.

The neural network learning devices, neural network
inference devices, calculators, memories, buffers, calcula-
tors, registers, neural network apparatuses, processors, neu-
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ral network learning device 51, neural network inference
device 43, calculator 61, memory 62, buffer 63, calculator
910, memory 920, register 930, calculator 1310, memory
1320, neural network apparatus 1400, memory 1410, pro-
cessor 1420, and other apparatuses, units, modules, devices,
and other components described herein with respect to
FIGS. 1-14 are implemented by or representative of hard-
ware components. Examples of hardware components that
may be used to perform the operations described in this
application where appropriate include controllers, sensors,
generators, drivers, memories, comparators, arithmetic logic
modules, adders, subtractors, multipliers, dividers, integra-
tors, and any other electronic components configured to
perform the operations described in this application. In other
examples, one or more of the hardware components that
perform the operations described in this application are
implemented by computing hardware, for example, by one
or more processors or computers. A processor or computer
may be implemented by one or more processing elements,
such as an array of logic gates, a controller and an arithmetic
logic module, a digital signal processor, a microcomputer, a
programmable logic controller, a field-programmable gate
array, a programmable logic array, a microprocessor, or any
other device or combination of devices that is configured to
respond to and execute instructions in a defined manner to
achieve a desired result. In one example, a processor or
computer includes, or is connected to, one or more memo-
ries storing instructions or software that are executed by the
processor or computer. Hardware components implemented
by a processor or computer may execute instructions or
software, such as an operating system (OS) and one or more
software applications that run on the OS, to perform the
operations described in this application. The hardware com-
ponents may also access, manipulate, process, create, and
store data in response to execution of the instructions or
software. For simplicity, the singular term “processor” or
“computer” may be used in the description of the examples
described in this application, but in other examples multiple
processors or computers may be used, or a processor or
computer may include multiple processing elements, or
multiple types of processing elements, or both. For example,
a single hardware component or two or more hardware
components may be implemented by a single processor, or
two or more processors, or a processor and a controller. One
or more hardware components may be implemented by one
or more processors, or a processor and a controller, and one
or more other hardware components may be implemented by
one or more other processors, or another processor and
another controller. One or more processors, or a processor
and a controller, may implement a single hardware compo-
nent, or two or more hardware components. A hardware
component may have any one or more of different process-
ing configurations, examples of which include a single
processor, independent processors, parallel processors,
single-instruction  single-data  (SISD) multiprocessing,
single-instruction multiple-data (SIMD) multiprocessing,
multiple-instruction single-data (MISD) multiprocessing,
and multiple-instruction multiple-data (MIMD) multipro-
cessing.

The methods illustrated in FIGS. 1-14 that perform the
operations described in this application are performed by
computing hardware, for example, by one or more proces-
sors or computers, implemented as described above execut-
ing instructions or software to perform the operations
described in this application that are performed by the
methods. For example, a single operation or two or more
operations may be performed by a single processor, or two
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or more processors, or a processor and a controller. One or
more operations may be performed by one or more proces-
sors, or a processor and a controller, and one or more other
operations may be performed by one or more other proces-
sors, or another processor and another controller. One or
more processors, or a processor and a controller, may
perform a single operation, or two or more operations.

Instructions or software to control computing hardware,
for example, one or more processors or computers, to
implement the hardware components and perform the meth-
ods as described above may be written as computer pro-
grams, code segments, instructions or any combination
thereof, for individually or collectively instructing or con-
figuring the one or more processors or computers to operate
as a machine or special-purpose computer to perform the
operations that are performed by the hardware components
and the methods as described above. In one example, the
instructions or software include machine code that is directly
executed by the one or more processors or computers, such
as machine code produced by a compiler. In another
example, the instructions or software includes higher-level
code that is executed by the one or more processors or
computer using an interpreter. The instructions or software
may be written using any programming language based on
the block diagrams and the flow charts illustrated in the
drawings and the corresponding descriptions used herein,
which disclose algorithms for performing the operations that
are performed by the hardware components and the methods
as described above.

The instructions or software to control computing hard-
ware, for example, one or more processors or computers, to
implement the hardware components and perform the meth-
ods as described above, and any associated data, data files,
and data structures, may be recorded, stored, or fixed in or
on one or more non-transitory computer-readable storage
media. Examples of a non-transitory computer-readable
storage medium include read-only memory (ROM), ran-
dom-access programmable read only memory (PROM),
electrically erasable programmable read-only memory (EE-
PROM), random-access memory (RAM), dynamic random
access memory (DRAM), static random access memory
(SRAM), flash memory, non-volatile memory, CD-ROMs,
CD-Rs, CD+Rs, CD-RWs, CD+RWs, DVD-ROMs, DVD-
Rs, DVD+Rs, DVD-RWs, DVD+RWs, DVD-RAMs, BD-
ROMs, BD-Rs, BD-R LTHs, BD-REs, blue-ray or optical
disk storage, hard disk drive (HDD), solid state drive (SSD),
flash memory, a card type memory such as multimedia card
micro or a card (for example, secure digital (SD) or extreme
digital (XD)), magnetic tapes, floppy disks, magneto-optical
data storage devices, optical data storage devices, hard disks,
solid-state disks, and any other device that is configured to
store the instructions or software and any associated data,
data files, and data structures in a non-transitory manner and
provide the instructions or software and any associated data,
data files, and data structures to one or more processors or
computers so that the one or more processors or computers
can execute the instructions. In one example, the instructions
or software and any associated data, data files, and data
structures are distributed over network-coupled computer
systems so that the instructions and software and any
associated data, data files, and data structures are stored,
accessed, and executed in a distributed fashion by the one or
more processors or computers.

While this disclosure includes specific examples, it will
be apparent after an understanding of the disclosure of this
application that various changes in form and details may be
made in these examples without departing from the spirit
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and scope of the claims and their equivalents. The examples
described herein are to be considered in a descriptive sense
only, and not for purposes of limitation. Descriptions of
features or aspects in each example are to be considered as
being applicable to similar features or aspects in other
examples. Suitable results may be achieved if the described
techniques are performed in a different order, and/or if
components in a described system, architecture, device, or
circuit are combined in a different manner, and/or replaced
or supplemented by other components or their equivalents.
Therefore, the scope of the disclosure is defined not by the
detailed description, but by the claims and their equivalents,
and all variations within the scope of the claims and their
equivalents are to be construed as being included in the
disclosure.

What is claimed is:

1. A processor-implemented method for an electronic
device including a memory in a processor of the electronic
device, the method comprising:

obtaining local quantization data by firstly quantizing,

based on a local maximum value for each output
channel of a current feedforward layer among sequen-
tial feedforward layers of a neural network, global
recovery data obtained by recovering output data of an
operation of the current layer based on a global maxi-
mum value output from a previous feedforward layer
immediately preceding the current layer among the
sequential feedforward layers;

storing the local quantization data in the memory to

perform an operation of a next layer of the neural
network;

obtaining global quantization data by secondarily quan-

tizing, based on a global maximum value correspond-
ing to the current layer, local recovery data obtained by
recovering the local quantization data based on the
local maximum value for each output channel of the
current layer; and

providing the global quantization data as input data for the

operation of the next layer,

wherein the global recovery data is sequentially quantized

for each output channel of the current layer, a resource
used by the memory for the operation is reduced
compared to using the memory for all output channels
of the current layer.

2. The method of claim 1, wherein

the recovering of the output data of the operation of the

current layer comprises recovering the output data of
the operation of the current layer for each output
channel based on the global maximum value output
from the previous layer, and

the global maximum value output from the previous layer

is generated based on data obtained by recovering the
output data of an operation of the previous layer.

3. The method of claim 1, wherein the firstly quantizing
of the global recovery data comprises firstly quantizing the
global recovery data for each output channel respectively
based on the local maximum value that is a maximum value
of the global recovery data for the output channel, such that
the maximum value of the global recovery data for each
output channel is quantized into a same value.

4. The method of claim 1, wherein the recovering of the
local quantization data comprises recovering the local quan-
tization data for each output channel respectively based on
the local maximum value that is a maximum value of the
global recovery data for the output channel, such that the
local quantization data is recovered to data previous to the
first quantization.
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5. The method of claim 1, wherein the secondarily quan-
tizing of the local recovery data comprises secondarily
quantizing the local recovery data for each output channel
based on the global maximum value that is a maximum
value of the local recovery data, such that the local recovery
data is quantized to a same scale.

6. The method of claim 1, wherein the obtaining of the
local quantization data further comprises:

recovering the output data of the operation of the current

layer based on the global maximum value output from
the previous layer; and

obtaining the global recovery data by performing a pool-

ing operation on the recovered data.
7. The method of claim 1, further comprising:
storing the local maximum value for each output channel
of the current layer, the local maximum values being
obtained by calculating a maximum value of the global
recovery data for each output channel of the current
layer; and
storing, in a register, the global maximum value corre-
sponding to the current layer, the global maximum
value corresponding to the current layer being obtained
by calculating a maximum value of the local maximum
values.
8. The method of claim 1, wherein the obtaining of the
local quantization data is sequentially performed for each
output channel.
9. The method of claim 1, wherein
the operation of the current layer and the operation of the
next layer are based on backward propagation, and

the output data of the operation of the current layer and
the input data for the operation of the next layer
comprise either one of an activation, a loss gradient,
and a weight gradient.

10. The method of claim 1, further comprising training the
neural network by performing the operation of the next layer
based on the global quantization data.

11. A non-transitory computer-readable storage medium
storing instructions that, when executed by a processor,
configure the processor to perform the method of claim 1.

12. An electronic apparatus, the apparatus comprising:

a memory storing instructions; and

a processor configured to quantize data of a neural net-

work by executing the instructions,

wherein the processor is further configured to:

obtain local quantization data by firstly quantizing,
based on a local maximum value for each output
channel of a current feedforward layer among
sequential feedforward layers of a neural network,
global recovery data obtained by recovering output
data of an operation of the current layer based on a
global maximum value output from a previous feed-
forward layer immediately preceding the current
layer among the sequential feedforward layers;

store the local quantization data in the memory to
perform an operation of a next layer of the neural
network;

obtain global quantization data by secondarily quan-
tizing, based on a global maximum value corre-
sponding to the current layer, local recovery data
obtained by recovering the local quantization data
based on the local maximum value for each output
channel of the current layer; and

provide the global quantization data as input data for an
operation of a next layer,

wherein the global recovery data is sequentially quan-
tized for each output channel of the current layer, a
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resource used by the memory for the operation is
reduced compared to using the men put channels of
the current layer.
13. The apparatus of claim 12, wherein
5 for the recovering of the output data of the operation of
the current layer, the processor is further configured to
recover the output data of the operation of the current
layer for each output channel based on the global
maximum value output from the previous layer, and
the global maximum value output from the previous layer
is generated based on data obtained by recovering the
output data of an operation of the previous layer.

14. The apparatus of claim 12, wherein, for the firstly
quantizing of the global recovery data, the processor is
further configured to firstly quantize the global recovery data
for each output channel respectively based on the local
maximum value that is a maximum value of the global
recovery data for the output channel, such that the maximum
value of the global recovery data for each output channel is
quantized into a same value.

15. The apparatus of claim 12, wherein, for the recovering
of the local quantization data, the processor is further
configured to recover the local quantization data for each
output channel respectively based on the local maximum
value that is a maximum value of the global recovery data
for the output channel, such that the local quantization data
is recovered to data previous to the first quantization.

16. The apparatus of claim 12, wherein, for the second-
arily quantizing of the local recovery data, the processor is
further configured to secondarily quantize the local recovery
data for each output channel based on the global maximum
value that is a maximum value of the local recovery data,
such that the local recovery data is quantized to a same scale.

17. The apparatus of claim 12, wherein, for the obtaining
of the local quantization data, the processor is further
configured to:

recover the output data of the operation of the current

layer based on the global maximum value output from
the previous layer; and

obtain the global recovery data by performing a pooling

operation on the recovered data.

18. The apparatus of claim 12, wherein the processor is
further configured to:

store the local maximum value for each output channel of

the current layer, the local maximum values being
obtained by calculating the maximum value of the
global recovery data for each of all output channels of
the current layer; and

store, in a register, the global maximum value correspond-

ing to the current layer, the global maximum value
corresponding to the current layer being obtained by
calculating a maximum value of the local maximum
values.

19. The apparatus of claim 12, wherein, for the obtaining
of the local quantization data, the processor is further
configured to sequentially obtain the local quantization data
for each output channel.

20. The apparatus of claim 12, wherein

the processor is further configured to perform the opera-

tion of the current layer and the operation of the next
layer based on backward propagation, and

the output data of the operation of the current layer and

the input data for the operation of the next layer each
comprise any one of an activation, a loss gradient, and
a weight gradient.
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